Mutation may impose a substantial load on populations, which varies accord-2 ing to the reproductive mode of organisms. Over the last years, different authors used 3 adaptive landscape models to predict the long term effect of mutation on mean fitness; 4 however, many of these studies assumed very weak mutation rates, so that at most 5 one mutation segregates in the population. In this paper we derive several simple 6 approximations (confirmed by simulations) for the mutation load at high mutation 7 rate (U ), using a general model that allows us to play with the number of selected 
INTRODUCTION
of populations in equilibrium situations. Several authors considered a weak-mutation limit (N U 1, where N is population size and U the total rate of mutations affecting 68 the traits under selection) so that at most one mutation segregates in the popula- of organisms (sexual or asexual) since at most one locus is polymorphic in this low 79 mutation limit.
80
It seems likely that in many organisms, however, N U 1, in which case many 81 of the loci affecting the traits under selection may be polymorphic at the same time.
82
In this regime, and assuming that the position of the optimum remains constant over fitness is the same under these two regimes when the fitness function is Gaussian
152
(W ≈ e −U ), while W > e −U in the second regime when the fitness peak is flatter 153 than a Gaussian around the optimum, and W < e −U when the fitness peak is sharper.
154
Finally, as mutational effects continue decreasing a third regime is entered, where allele 155 frequency dynamics are dominated by mutation and drift. We also obtain expressions 156 for linkage disequilibria and find that they can have a substantial effect on fitness, in Multivariate stabilizing selection. Parameters and variables are summarized in function is spherically symmetric, and is given by:
where d = measures the number of traits affected by a single mutation ("mutation pleiotropy"),
174
while n is the total number of traits under selection ("complexity"): m = n corresponds 175 to maximal pleiotropy, where each mutation affects all selected traits (as in Fisher's 176 model). The genomic mutation rate is denoted U , so that each locus mutates at rate u = U/L. For simplicity, we assume additive effects of the different loci on phenotypic 178 traits, and no environmental variance. Denoting 0 and 1 the two alleles at each locus,
179
and X j an indicator variable that equals 0 if an individual carries allele 0 at locus j,
180
and 1 otherwise, the value of trait i in a given individual is given by:
where r ij measures the effect of allele 1 at locus j on trait i: an individual carrying 182 alleles 0 at all loci is thus at the phenotypic optimum. For each locus j, the effect 183 of allele 1 on each of the m traits affected by the locus is sampled in a Gaussian 184 distribution with mean 0 and variance a 2 (therefore, r ij can be positive or negative).
185
Finally, we denote s the mean deleterious effect of mutations (measured on log-fitness)
186
in a population at the optimum, given by Gros et al. (2009): 
239

RESULTS
240
Asexual population. File S1, Euclidean distances from the optimum (d) then follow a χ-distribution, which 249 yields:
where V G is the genetic variance at equilibrium (the variance of z i , which by symme-251 try should be the same for all traits i); for Q = 2 (Gaussian fitness function), this
in Supplementary File S1. Assuming that ln W ≈ ln W , one obtains that when m = n
254
(that is, when each mutation affects all phenotypic traits): which has the opposite effect on W . As long as linkage disequilibria remain small 298 the second effect predominates, and one obtains the following approximation for W
299
(assuming that the number of loci L is large):
where r H is the harmonic mean recombination rate between all pairs of loci (derived in
301
Appendix B under our simulated genetic architecture). Figure 2 shows that equation should be at the equilibrium where
where L is the total number of loci. However, in this regime we expect that the 311 relative effect of genetic drift on allele frequency dynamics could be important. In
312
Supplementary File S4, we show that when selection at each locus becomes weaker 313 than mutation and drift, an approximation for mean fitness is given by:
where N is population size. Figure 2 shows we obtain an approximation for mean fitness (in terms of hypergeometric functions) valid for N u 1, which fits well with simulation results for N = 500 (dotted curve in 385 Figure 6A ). In contrast to the sexual case, the effects of population size are less marked 386 in the case of asexual organisms ( Figure 6B ), and W always decreases as N decreases.
387
These effects of finite population size can be understood as follows. Genetic drift affects 388 mean fitness through two different effects: an effect on the genetic variance maintained 389 at equilibrium, which is usually (but not always) lower in smaller populations, and an 390 effect on mean phenotypes, which may be displaced from the optimum due to drift.
391
In the case of a Gaussian fitness function (Q = 2), these two effects can easily be
, where z i is the value of 393 phenotype i and z * i the optimal value for this phenotype (fixed to zero in our model).
394
Therefore, the average log-fitness is given by − as a product of two terms:
The first term (denoted hereafter W V G ) shows that increasing the variance of pheno-399 typic traits tends to decrease mean fitness, while the second term (denoted hereafter 400 W z ) shows that displacing mean phenotypes from the optimum also decreases W .
401
Simulations show that injecting equilibrium values of genetic variances V G,i and mean to their optimal values, and the mutation load is mainly generated by the term W V G .
411
When mutations tend to have strong fitness effects (log 10 (s) ≥ −2), drift tends to phenotypes (W z decreases as N decreases). Because the second effect is stronger than 420 the first, the overall effect of drift is to reduce the mean fitness of asexuals.
421
Our model is somehow artificial, however, as we assumed that the fitness opti- departures of mean phenotypes from the optimum, decreasing W z (and thus W ).
458
Finally, Supplementary Figure S3 shows that changing the number of loci L
459
(for a fixed U ) has generally stronger effects in the case of sexual populations, where 460 in the low s regime, decreasing the number of loci decreases the genetic variance (and 461 thus increases W ).
462
DISCUSSION
463
As we have seen in introduction, different forms of models have been proposed 464 to predict the overall effect of recurrent mutation on the mean fitness of populations. linkage disequilibria tend to reduce W as long as they remain weak, the importance of "cost of complexity" often described at low mutation rate, we thus predict a "cost of significantly (see also Charlesworth, 2013 
597
(z i = j r ij X j , where the sum is over all loci j), V G,i can be decomposed into two 601 terms (e.g., Lynch and Walsh, 1998):
is the genic variance (p j being the frequency of allele 1 at locus j in the population), and are thus simply denoted V G and V g in the text.
612
rate among pairs of loci r H (that appears in equation 7) can be computed as follows.
615
The genetic distance between adjacent loci (in Morgans) is R/ (L − 1), and therefore 616 the distance between two loci separated by i between-locus intervals is iR/ (L − 1).
617
Furthermore, the number of different pairs of loci separated by i intervals is L − i.
618
Finally, the rate of recombination between two loci at genetic distance x (probability 619 that an odd number of cross-overs occurs within the interval) is given by Haldane's 620 mapping function: r (x) = 1 2
(1 − e −2x ), yielding:
which has to be evaluated numerically. For L = 10000 and R = 10, one obtains 
